Reconstruction of a distribution network is a complex nonlinear combinatorial optimization problem. This paper presents a technique for the auto-drawing regional discrete reconfiguration algorithm (ARDRA) of distribution intelligent network systems, which is very important for the control, monitor, identification and separation in distribution systems. The integer coding strategy based on the independent regional discrete loop was adopted, and the initial data of distribution network was input, followed by random generation of the effective initial swarm of corresponding scale. The ternary tree, alignment algorithm and power flow calculation was adopted for the ARDRA calculation of effective solutions. The server draws the single line diagram automatically and sends it back to the client, which can be verified by the client. The simulation results based on the IEEE33 node distribution system showed that the active network loss value of the system was decreased obviously, reaching 16.57%. The active power P increased significantly compared with that before the reconfiguration in which the distributed generators were accessed. The proposed algorithm has good optimization performance in solving the problem of distribution network reconfiguration compared with the traditional particle swarm optimization (PSO) and the differential evolution (DE) algorithm.
INTRODUCTION
With increased urban development, the performance of a distribution network, such as power quality and power supply reliability, will be adversely affected if a number of distributed generators (DGs) are accessed by the smart grid. In this situation, as an effective method of improving efficiency, power reliability and power supply quality of the distribution network, the research on reconfiguration and operation control of distribution network with DGs plays a critical role in loss reduction, load balance and reactive power optimization. _______________________ Traditionally, changing the switch state is frequently adopted as a method of distribution network reconstruction to alter the network topology, thus achieving load balance and loss decrease. However, variations in the value and direction of power flow via the access of DGs, such as wind power and solar power, can lead to an increased complexity of distribution network reconfiguration. Active loss reduction [1] [2] , load equalization and power restoration optimization are currently the most popular technical methods for distribution network reconfiguration, the main objective of which is loss reduction. Regarding optimization algorithms, the differential evolution algorithm [3] [4] , particle swarm algorithm, genetic algorithm [5] and so on [6] have been widely applied.
A reconfiguration algorithm of a distribution network based on ARDRA is proposed in this paper. Referencing the concept of regional discrete simulation, the algorithm in which the regionalization and discretization of the cloud model are utilized, effectively balancing the relationship between the swarm diversity and the searching efficiency by adopting a novel updating strategy for the worst individual. The ternary tree, alignment algorithm and power flow calculation was adopted for the ARDRA calculation of effective solutions. The results of the distribution network configuration experiment have indicated that this method has a high convergence rate, powerful global searching ability, and can overcome the problems of local optimization and invalid solutions.
AUTO-DRAWING REGIONAL DISCRETE RECONFIGURATION ALGORITHM

Coding Mode of Distribution Network Based on Regional Discrete Method
To determine the topological structure of the reconstructed network, the switch state in the network is represented using the binary encoding method [7] . The integer encoding strategy based on an independent regional discrete loop is adopted to reduce the coding dimension and narrow the solution space. The encoding rules are briefly restated as follows:
(1) All contact switches should be closed before reconfiguration to form some independent regional discrete loops. The switches on the branch that are unowned by any regional discrete loop must be closed while the power grid is running, and such switches should not be considered when coding.
(2) The switches connected to a power supply should also be closed, and they should not be considered when coding.
Combined with the simplification strategy above, the coding mode is specified with the example of the IEEE33 node distribution system illustrated in Figure 1 . As shown in the Figure, the contact switches are 33-37. All the contact switches 33-37 denoted with broken lines should be cut before reconfiguration. At this point, the broken branches are in five corresponding regional discrete loops numbered 11, 16, 7, 7 and 10, where each number represents the number of nodes in each regional discrete sub-loop. Therefore, [11, 16, 7, 7, 10] can be used to indicate the configuration code of the network structure, thereby significantly reducing the variable dimensions and improving the search efficiency. 
Algorithm for Auto-Drawing of Regional Discrete Reconfiguration
The algorithm for auto-drawing regional discrete reconfiguration(RDR) for distribution systems proposed in this paper comprises of three sub modules. First is the creation of a basic structure, which is based on a ternary tree and then an alignment algorithm is applied to improve the visibility and to remove the concentration of symbols in a particular area. Finally, a Power flow calculation of ARDRA was applied to resolve the overlapping issues. The flowchart in Figure 2 shows the complete procedure for auto-drawing RDRs for distribution automation systems. 
DATA STRUCTURE AND TERNARY TREE
The database for auto drawing RDR contains information of distribution lines, sections, and switches. Line record, section record, and switch record contain information related to circuit breakers, switches, and inserted status respectively. Distribution lines generally have one to three tapped lines so ternary tree representation is most suitable for depicting the data structure of RDR. However, if there are more than three tapped lines, they can be transformed into a ternary tree by using virtual lines and nodes as shown in Figure 3 . Suppose, we started from node A, after arriving at node O, we realized that there are more than three branches. We will select node O along with any two other connected lines (first arrived). All remaining branches are connected to a virtual node O' via a virtual line, as shown in Figure 3 . This process is repeated until the virtual node is connected to three or lesser branches.
In this way, multiple tapped lines can be transformed into a ternary tree. During re-drawing, the virtual nodes and lines can be tracked back to the original node, which is O in this case. The ternary tree is composed of nodes and arcs. Relations between lines, switches, and junctions are modeled into nodes while sections are modeled into arcs. The substation located at the initial point of the power supply is considered a root node for the ternary tree. Connected switches are explored using section information. When the switch is closed, the process is repeated. However, when it is open, it is considered as terminal and a connected section is searched. By repeating the process, sections powered by particular substations are identified and the connection between switches can be clearly identified. Since it is constructed by using real-time data, the single line diagram can be applied regardless of the changes in the system topology. Construction of a ternary tree using information of the switches and sections is shown in Figure 4 . Since RDR is not to scale; the section distance can be manipulated considering the pixels of user's interface screen window in full screen. S1   S2   S3   S4   S5   S18   S19   S20   S21   S6   S7   S8   S24   S25   S9   S10   S11   S13   S26   S27   S28   S29   S33   S14   S15   S16  S32   S30   S31   S22   S1  S2  S3  S4  S5  S6  S7  S8  S9  S10  S11   S18   S19   S20   S21   S22   S29  S30  S31   S33   S16   S15   S14   S13  S26  S27  S28   S25   S24 In order to prevent the overlapping of symbols in certain parts of the screen, the arrangement of the ternary tree starts in the center and then proceeds out to the sub-trees. The longest node path is identified starting from the root node, and then that is arranged at the center of the tree. Node 1 to node 12 is the longest path in Figure 5 (a); it will be considered the center of the whole tree. Similarly, the center for each sub-tree attached to the main tree is identified. After identifying the central branches, the sub-trees are aligned. The main central path is defined as level 1 and is arranged in a horizontal direction from left to right. Those lines, which originate from level 1, are named as level 2 lines. Level 2 lines are arranged based on the number of nodes. If the number is even, it is arranged towards the upper side of level 1 and downwards for odd numbers. Separation points connected to S3 and S8 in Figure  5 (b) are in even numbers, level 2 lines for S3 and S8 are arranged above level 1. Separation points connected to S5 are odd numbers; level 2 line is arranged below level 1. Those lines, which originate from level 2, are named level 3. Level 3 lines are arranged in a horizontal direction from left to right in a way similar to level 1. Similarly, level 4 lines will be arranged according to the rules of level 2. This type of arrangement is valid for all higher levels; even numbered levels will follow the rules of level 2 while odd levels will be arranged according to the rules of level 1. All these mentioned rules have been applied to the lines in Figure 5 .
ALIGNMENT ALGORITHM
POWER FLOW CALCULATION OF ARDRA
For power flow calculation of the radial distribution network with only one balancing node (power node) and some PQ nodes, the back forward sweep algorithm is programmed simply and computed efficiently.
(1) Randomly initialize velocity variables of the regional discrete swarm and the individual. Set the algorithmic parameters, such as the total number of discreteareas in a swarm N, the dimension of the discrete areas individual (solution) d, the number of discrete areas in a sub-swarm m, the number of sub-swarms n, the number of local iterations in a sub-swarm g, the number of global blending iterations G and the proportion coefficient λ.
(2) Calculate the fitness value of each discrete area individual. 
where r(k), v(k) and a(k) are the current position, velocity and acceleration of the worst individual X w , respectively, r g is the position of the global optimal individual, and r(k+1), v(k+1) and a(k+1) are the position, velocity and acceleration of the updated individual newX w , respectively.
③ If the fitness value of the updated individual newX w is better than that of X w , then X w should be replaced by newX w ; otherwise, X w should be updated using the basic cloud generator. The concrete steps are as follows:
a. Generate a normal random data ' n E having an expected value of E n =Ω/c 1 and a standard deviation of H e =E n /c 2 ;
b. Generate a normal random data x having an expected value of X w and a standard deviation of the absolute value of E n , and then take x as a concrete quantization value of the qualitative concept A, called the cloud droplet; c. Calculate y=exp(-(x-X w ) 2 /2(E n ) 2 ) and take y as the uncertainty of the qualitative concept A;
d
. The whole content of this qualitative and quantitative transformation is completely reflected by (x,y);
Regarding Ω, c 1 and c 2 , Ω, is the search range of variables, c 1 is the size of swarm, and c 2 =10.
(4) After the local depth search has been completed by all the sub-swarms, the global optimal value is output, and the evolution is ended if the number of the global blending iterations is satisfied; otherwise, remix all the discrete areas individuals and go to step (3).
EXPERIMENT AND SIMULATION
To verify the effectiveness of the method in this paper, the IEEE33 node distribution network test system shown in Figure 1 was chosen for simulation. The system contained 33 nodes and 37 branches (including 5 contact switches), the rated voltage was 12.66 kV, and the total network load was 3607 kW + j2300 kvar. The number of swarms was set at 200; the size of sub-swarms was 20; the number of sub-swarms was 10; and the number of local depth search iterations was 10. The number of global blending iterations was 30, the scale factor was 4, and the individual coding length was 5. The algorithms compared where the PSO, the DE, and the ARDRA. To determine the adaptability of the method proposed in this paper, configuration test simulations were performed before and after the DGs were connected to the distribution network. Among all the experiments, 4 DGs were accessed near a heavy load, and the capacity of each DG was less than the load of the access point. Access positions and capacities of the DGs are presented in Table 1 . Reconfiguration. Figure 6 presents the changes of the active power P and the reactive power Q of each node caused by the network reconstruction based on the ARDRA. As seen, the variation trends of the active power with nodes pre-and post-network reconstruction were basically the same, whereas P increases were overall slightly larger than those of pre-reconstruction. Marked increases of P were found near the 4 access positions after reconfiguration; in particular, at node 8, the P value rose from 0.6750 MW to 1.4955 MW, with an increase of 121.55%, and the total P value rose from 26.0487 MW to 33.2588 MW. Furthermore, the reactive power of each node became more balanced after reconstruction.
The reconstruction simulation based on the ARDRA of the IEEE33 node distribution network test system was performed, and the voltage changes of each node pre-and post-construction are provided in Figure 7 . What is striking in the Figure is the voltage on nodes 6, 8, 21 and 24, where the DG access increased obviously via the reconfiguration. In addition, the system voltage became more stable, and the voltage range reduced from 1 V before the reconstruction to 0.85 V afterwards. Figure 8 and Figure 9 show the active and reactive network loss before and after distribution network configuration. Figure 9 shows the network loss variation of each node, and the cumulative changes of network loss are presented in Figure 9 . Figure 8 is quite revealing in several ways. First, the active power network loss of the IEEE33 node distribution test system was influenced significantly by the configuration based on the ARDRA. The configuration to some extent reduced the network loss of high-loss nodes and kept the network loss of low-loss nodes almost constant, thus balancing the system circuit. Regarding the reactive power network loss, the impact of reconfiguration on reactive power network loss of each node Q loss was generally not so large; however, it optimized several nodes with relatively high loss value. According to Figure 9 , configuration simulation of the IEEE33 node distribution network test system did decrease the active and reactive power network loss to varying degrees. The total active power network loss Q loss dropped from 132.449 kW to 117.559 kW, a decrease of 11.24 percent, and the total reactive power network loss P loss declined from 200.331 kW to 183.760 kW, a decrease of 16.57 percent, thereby resulting in a dramatic decrease in economic cost. In Figure 10 , comparison of the exact solution and the first iteration result of the IEEE33 node distribution network test system show that the difference of power flow calculation results was smaller if the network load were smaller. In the low network loss interval, the first iteration result was close to the accurate result and can reflect the trend of accurate result completely. The first iteration error of the active power network loss of the IEEE33 node distribution network test system is calculated in Figure 11 . It can be seen that in the ranges of low P loss (nodes 10-22 and nodes 31-32), the first iteration P loss was lower than the accurate value, whereas it was higher than the accurate value in the ranges of high P loss (nodes 1-9 and nodes 23-31). It can be seen from the diagram that the network loss of the distribution system after the reconfiguration of DG is greatly reduced, and the quality of the node voltage has been improved effectively before and after the reconfiguration. Moreover, DG not only can reduce the network loss further but also provides good support for the node voltage.
CONCLUSION
In this paper, a reconfiguration algorithm of a distribution network based on the ARDRA was proposed. Referencing the concept of regional discrete simulation, the algorithm in which the regionalization and discretization of the cloud model are utilized, effectively balancing the relationship between the swarm diversity and the searching efficiency by adopting a novel updating strategy for the worst individual. The ternary tree, alignment algorithm and power flow calculation was adopted for the ARDRA calculation of effective solutions.
Simulations on the IEEE33 test system using this algorithm were conducted, and the conclusions based on the results are as follows: In the IEEE33 node distribution network test system, the total P value increased from 26.0487 MW to 33.2588 MW after reconfiguration. The P value increased obviously near 4 access positions of the DGs. Moreover, the reactive power Q of each node became more balanced after reconstruction. The voltage on nodes 6, 8, 21 and 24, where DGs were accessed, increased apparently. The system voltage became more stable, and the voltage range reduced from 1 V before the construction to 0.85 V afterwards. After configuration of the distribution network, the power network loss of the IEEE33 node distribution network test system was reduced. The total reactive power network loss Q loss dropped from 132.449 kW to 117.559 kW, a reduction of 11.24 percent, and the total active power network loss P loss declined from 200.331 kW to 183.760 kW, a reduction of 16.57 percent. The algorithm proposed in this paper has high convergence rate, powerful global searching ability and can solve the problems of current algorithms such as slow convergence and ease of descent into a local optimum.
